Abstract
A large number of genome-scale models of cellular metabolism are available for various organisms. These models include all known metabolic reactions based on the genome annotation. However, the reactions that are active are dependent on the cellular metabolic function or environmental condition. Constraint-based methods that integrate conditionspecific transcriptomics data into models have been used extensively to investigate condition-specific metabolism. Here, we present a method (TEX-FBA) for modeling condition-specific metabolism that combines transcriptomics and reaction thermodynamics data to generate a thermodynamically-feasible condition-specific metabolic model. TEX-FBA is an extension of thermodynamic-based flux balance analysis (TFA), which allows the simultaneous integration of different stages of experimental data (e.g., absolute gene expression, metabolite concentrations, thermodynamic data, and fluxomics) and the identification of alternative metabolic states that maximize consistency between gene expression levels and condition-specific reaction fluxes. We applied TEX-FBA to a genome-scale metabolic model of Escherichia coli by integrating available conditionspecific experimental data and found a marked reduction in the flux solution space. Our analysis revealed a marked correlation between actual gene expression profile and experimental flux measurements compared to the one obtained from a randomly generated gene expression profile. We identified additional essential reactions from the membrane lipid and folate metabolism when we integrated transcriptomics data of the given condition on the top of metabolomics and thermodynamics data. These results show TEX-FBA is a promising new approach to study condition-specific metabolism when different types of experimental data are available.
Author summary
Cells utilize nutrients via biochemical reactions that are controlled by enzymes and synthesize required compounds for their survival and growth. Genome-scale models of metabolism representing these complex reaction networks have been reconstructed for a wide variety of organisms ranging from bacteria to human cells. These models comprise all possible biochemical reactions in a cell, but cells choose only a subset of reactions for their immediate needs and functions. Usually, these models allow for a large flux solution space and one can integrate experimental data in order to reduce it and potentially predict the physiology for a specific condition. We developed a method for integrating different types of omics data, such as fluxomics, transcriptomics, metabolomics into genome-scale metabolic models that reduces the flux solution space. Using gene expression data, the algorithm maximizes the consistency between the predicted and experimental flux for the reactions and predicts biologically relevant flux ranges for the remaining reactions in the network. This method is useful for determining fluxes of metabolic reactions with reduced uncertainty and suitable for performing context-and condition-specific analysis in metabolic models using different types of experimental data. TEX-FBA: A constraint-based method for integrating gene expression, thermodynamics, and metabolomics data into genome-scale metabolic models
Introduction
The study of cellular metabolism has important applications in medicine, biology, and biotechnology. Genome-scale metabolic models (GEMs) are useful scaffolds to integrate
"omics" data and analyze the metabolic capabilities of organisms and their metabolic pathways giving rise to different physiologies [1] . In particular, GEMs have been successfully used for engineering strains for optimizing the production of chemicals [2] [3] [4] and identifying drug targets for metabolic diseases, such as diabetes [5] , cancer [6] [7] [8] and non-alcoholic fatty liver disease [9, 10] . Increased availability of organisms' gene sequencing has led to an accumulation of available GEM reconstructions for a variety of bacteria and eukaryotic organisms [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] .
GEMs are amenable to the integration of different types of "omics" data (e.g., fluxomics, metabolomics, and transcriptomics) to simulate condition-and organism-specific metabolic phenotypes, which allows to contextualize the observed cellular metabolism according to its environmental conditions and intrinsic metabolic capabilities. Flux Balance Analysis (FBA) is the most commonly used method that can integrate uptake and secretion rates, as well as intracellular fluxes, if known, to constrain the cellular physiology and simulate condition-dependent metabolic phenotypes [21] [22] [23] .
Other methods have extended FBA to allow integration of intracellular metabolite concentrations and predict thermodynamically feasible cellular metabolic states [24] [25] [26] [27] .
GEMs are often reconstructed with pre-assigned directionalities imposed to the reactions from extensive literature curation on biochemical assays that may not hold for all cellular conditions. However, for catalytically reversible reactions, the direction of the net flux is determined by thermodynamic properties that also depend on the intracellular concentration of products and reactants, which themselves are condition-dependent.
Advances in group contribution method for the estimation of thermodynamic properties of metabolites [28] and the development of thermodynamics-based flux balance analysis (TFA) [24] [25] [26] allow for the reaction thermodynamic properties along with metabolomics data to be integrated into GEMs. Accounting for thermodynamics and metabolomics ensures that the metabolic fluxes operate within physiologically realistic confines.
The technological advances in mRNA sequencing techniques increased the access to transcriptomics data. As a result, several FBA-based algorithms have been developed to predict metabolic fluxes based on absolute [29] [30] [31] [32] [33] or relative [34] [35] [36] [37] gene expression data, which can be measured for different tissues and conditions. Among the methods that use absolute transcriptomics data, the Lee et al. [31] and iMAT [32, 33] methods do not require assumptions on cellular objective functions, which is an advantage for the study of organisms whose cellular metabolic function is not evident, such as for multicellular organisms. However, while the formulation of the Lee et al. method estimates the fluxes of a cellular metabolic state by minimizing their differences with respect to the gene expression levels, iMAT allows for the investigation of alternative flux distributions that are consistent with the transcriptomics data. Upon integration of the gene expression data and its association with the respective enzymatic reactions in the GEM, iMAT maximizes and minimizes the number of highly-and lowly-expressed reactions, respectively, returning a GEM whose fluxes are constrained to a metabolic state that is most consistent with the data.
To our knowledge, no previous method has simultaneously integrated expression data, metabolic concentrations, and thermodynamic constraints into GEMs. Here, we present TEX-FBA, an algorithm developed by extending the iMAT formulation to allow integration of both thermodynamics and metabolomics constraints simultaneously with transcriptomics with the purpose of generating a context-specific thermodynamicallyfeasible model without imposing a priori directionalities on the fluxes. TEX-FBA assumes a correlation between absolute gene levels and reaction fluxes, and it enforces a high and a low flux for the reactions associated with highly-and lowly-expressed genes, respectively.
In this study, we applied TEX-FBA to generate a condition-specific model of Escherichia coli (E. coli) that integrates for the first time different types of omics data [38] , such as transcriptomics, fluxomics, and metabolomics as well as thermodynamic data into an E. coli GEM [39] . We used this model to study reaction flux ranges that are resulted by the model integrated with gene expression data. When we compared the model-resulted flux ranges with experimental flux measurements we found that actual expression data are markedly consistent with flux measurements as compared to a random gene expression profile. TEX-FBA identifies alternative states of optimal consistent constraints from gene expression data, which makes TEX-FBA different than iMAT. As expected, we found a decrease in flux solution space and uncertainty after integrating metabolomics and thermodynamics data as compared to integrating only fluxomics and transcriptomics data. We identified essential genes and reactions that are required for the cell's growth. Only the simultaneous integration of metabolomics and thermodynamics data resulted in the identification of essential reactions from central carbon metabolism. By further integrating gene expression data we identified additional essential reactions from folate and lipid membrane metabolism. TEX-FBA method that can be widely applicable to study condition-specific metabolism for other organisms based on different types of omics data.
Results and Discussion
A sensitivity analysis of the reaction flux ranges based on the TEX-FBA parameters and its comparison with C13 fluxomics data
We developed the TEX-FBA method for integrating thermodynamics, transcriptomics, metabolomics, and fluxomics into GEMs in this study. TEX-FBA has four parameters (see Materials and Methods): two (l, h) are used for classifying genes into lowly-and highlyexpressed gene categories, respectively, and the reaming two parameters (pl, ph) are flux constraints used to enforce flux through reactions corresponding to lowly-and highlyexpressed genes, respectively. Values of these parameters are user defined. Then, we applied TEX-FBA to the E. coli GEM iJO1366 [39] with condition-specific gene expression data of glucose-limited chemostat E. coli cultures at a dilution rate of 0.2 h -1 [38] and thermodynamics constraints for given parameter values and estimated flux ranges. (Table S1 ) for a given MCS due to the possibility of combining various sets of fluxes constrained from expression data that lead to the same MCS (see Materials and Methods).
For example, for a parameter set (l=10, h=95, pl=0.1, ph=0.6), we obtained MCS of 70 with 4 alternatives. In total for MCS, we obtained 412 alternatives with 256 parameter combinations (Table S1 ). We generated 412 alternative models (see Materials and Methods, generation of alternative models) by activating expression constraints, and performed Flux Variability Analysis (FVA) [40] for each alternative model. The flux ranges of the 34 reactions for which we have C13 measurements [38] were compared to the flux ranges obtained with FVA using the Flux Range Comparisons metric (FRC; see Materials and Methods). For all measured 34 C13-based flux ranges, we first calculated FRCs for each reaction and then calculated an average FRC (Table S2 ). The average FRC scores were ranked for each alternative model (Table S2 ). The lowest average FRC score was 286.6 for the parameter values l=15, h=85, pl=0.3, and ph=0.7 (Table S2 ). The parameter set rendering the lowest average FRC was thus the best fit to the conditionspecific expression and C13-based flux data. To test for the specificity of the obtained bestfit parameters, we generated 100 random gene expression profiles, and each random profile was integrated into the iJO1366 using TEX-FBA method and best-fit parameter.
Similar to the TEX-FBA with actual gene expression, we also performed maximum consistency and alternative enumeration analysis of the 100 random gene expression profiles and obtained 220 alternatives. The lowest FRC score obtained when using the expression profile measurements was significantly lower (p-value=1.8 e-48) than the obtained from the random expression profiles (average FRCs=3.74). Therefore, we can safely conclude that the actual gene expression profile outperformed the random profile in predicting a flux range close to the C13 experimental measurements.
We next searched for patterns in parameters that agreed with C13-based flux measurements. We generated a random set of average FRCs between zero and a large number, where zero indicates a predicted flux range agrees with C13-based flux measurement and a large number shows disagreement between prediction and measurement. We compared the random profile of average FRCs with the average FRCs of the 412 alternative models, which integrated actual gene expression data. We identified 94% out of 412 alternative models that have significantly low FRC score (p-value < 1e-05) compared to an average of random FRCs (Table S2) , which means these models were in good agreement with C13 flux measurements. Interestingly, only a few alternative models (6%) disagreed with C13 flux measurements and performed like random. We next identified ranges of parameter values that frequently occurred in the population of models that showed high average FRCs and might hence be responsible for the disagreement with fluxomics data. For example, in the models that disagreed with fluxomics data the parameter value ph=0.9 was found to occur frequently. The higher value of ph (ph=0. 9) indicates that enforcing a very high flux (90% of a flux range) through the highly expressed reactions resulted in a poorer agreement with experimental fluxomics data. Based on these results, we hypothesize that enforcing very high flux even for a small number of highlyexpressed reactions might reroute fluxes through metabolic networks, unbalance enzyme usage, and result in poor agreement with omics data, which resonates with previous observations [41] . Interestingly, enforcing a moderate flux (ph=60% to 70% of a flux range) through highly expressed reactions yields flux predictions that agree better with fluxomic measurements. This result suggests that a context-specific metabolic network maintains moderate flux levels for it highly-expressed reactions, which might allow a faster flux redistribution and survival upon perturbation.
Generation of four models that integrate different combinations of datasets for the study of context-specific metabolism
We used the best-fit parameter values: values l=15, h=85, pl=0.3, ph=0.7 for integrating expression data. Starting from the E. coli GEM iJO1366 [39] , we generated four models corresponding to different stages of data integration: a FBA model, a TFA model, a XFBA model, and a XTFA model (Figure 1 ). The data used consisted of expression data, intracellular metabolite concentrations, and flux data collected from experiments performed in glucose-limited chemostat E. coli cultures at a dilution rate of 0.2 h -1 [38] . The FBA model was generated by integrating only the flux data, whereas the TFA model was further constrained with thermodynamic constraints and intracellular concentrations using the TFA method [25] . We then applied the TEX-FBA formulation to integrate expression data using the best-fit parameter and generated the XFBA and XTFA models (see Materials and Methods). The XFBA model was generated with transcriptomics data integrated simultaneously with the flux data but without applying thermodynamic constraints and intracellular metabolite concentrations. The XTFA model was generated by integrating fluxomics, thermodynamic constraints applied to the reactions, intracellular metabolite concentrations, and transcriptomics data simultaneously. genome-scale model iJO1366 [39] . At the bottom, we present four models generated in this study: the FBA model (red), XFBA model (blue), TFA model (black), and XTFA model (green). Arrows indicate the flow of input data (transcriptomics, fluxomics, and metabolomics from [38] ) to generate each model.
Analysis of highly-and lowly-expressed reactions in alternative profiles at maximum consistency in XFBA and XTFA models
We used the XFBA and XTFA models generated to identify highly-and lowly-expressed genes and their associated highly-and lowly-expressed reactions. We next analyzed the frequency with which a reaction is consistent with gene expression over all alternatives, which is an indication of the certainty of that prediction. There were 71 reactions (27% of the 259 ECRs) that were consistent with gene expression across all alternatives of the XFBA and XTFA models (Table S3 ). All 71 reactions were lowly expressed.
We performed a subsystem enrichment analysis on the 71 reactions (see Materials and Methods) to identify the subsystems that were consistently lowly expressed in the context of the study. The metabolic subsystems that were significantly enriched (p-value < 0.05) with the 71 lowly-expressed reactions were the metabolism of alternate carbon, folate, and glycoxylate, and tricarboxylic acid cycle (TCA) ( Table S3 ). TCA was also enriched by highly expressed reactions, meaning that different control of fluxes appears through the TCA (Table S3) . Interestingly, previous studies have shown that the control of flux through TCA in E. coli allows to sustain aerobic growth [42] .
Conversely, 174 reactions (67% of the 259 ECRs) were inconsistent with gene expression across all alternatives (Table S3 ). All were highly-expressed reactions that significantly enriched the cell envelope biosynthesis pathway (p-value<0.05; Table S3 ). The ECRs are presented with the reaction IDs as provided in the E. coli GEM iJO1366 [39] .
Dark blue indicates that an ECR is active in the alternative solution (yi = 1 in the OP 1), which means it is consistent with gene expression.
Analysis of reduction of uncertainty on models with different datasets integrated indicate the importance of thermodynamic constraints
The integration of omics data into genome-scale models allows the study of context-specific metabolism through a reduction of uncertainty in the estimation of fluxes. We performed a flux variability analysis (FVA) [40] to determine the feasible reaction flux ranges (here referred to as flexibility) of the four models (FBA, XFBA, TFA, and XTFA) generated in this study. The FVA results of the XFBA, TFA, and XTFA models compared to the FBA model served to quantify a reduction of flexibility by integrating different types of data. We computed a relative flexibility metric per reaction and an average relative flexibility (ARF)
per metabolic subsystem and model (see Materials and Methods). We also identified the number of blocked reactions, i.e., reactions that cannot carry flux, and bidirectional reactions, i.e., reactions that can carry flux in both forward and backward directions in each model.
Out of the three models studied, XTFA showed the lowest ARF compared to the FBA model ( Figure 3A ). This result suggested that the difference in flux ranges between the FBA and XTFA model was the highest one, which was expected because the XTFA model integrated all datasets [39] (Figure 1 ) and thermodynamic constraints that eliminated thermodynamically infeasible flux solutions. The XTFA model was hence more constrained than the FBA, XFBA, and TFA models and allowed the analysis of context-specific metabolism and fluxes with the highest reduction of uncertainty. The study of reaction directionality supported this result. The XTFA model presented the lowest number of bidirectional reactions (Table 1 ). There were 56 bidirectional reactions in the FBA model that became unidirectional in the XTFA model (Table S4 ).
The ARF of the XFBA and TFA models was close to each other ( Figure 3A ). This result A l a n i n e a n d A s p a r t a t e C y s t e i n e A r g i n i n e a n d P r o l i n e G l u t a m a t e G l y c i n e a n d S e r i n e G l y c o l y s i s / G l u c o n e o g e n e s i s H i s t i d i n e P u r i n e a n d P y r i m i d i n e T h r e o n i n e a n d L y s i n e V a l i n e , L e u c i n e , a n d I s o l e u c i n e T y r o s i n e , T r y p t o p h a n , a n d P h e n y l a l a n i n e 
Analysis of condition-specific essentiality on models with different datasets integrated demonstrate the relevant impact of thermodynamic constraints
The metabolic functions that are essential for growth vary with the environmental and genetic background of the cell [45] . We performed gene and reaction essentiality analysis on the four models with different stages of data integration to study condition-specific essentiality (see Materials and Methods). We identified 385 essential reactions and 282
essential genes in the FBA model, which were indispensable also in the XFBA, TFA, and XTFA models (Figure 4 and Tables S5-S6) since these models integrated additional data and constraints ( Figure 1 ). The TFA model showed 14 more essential reactions and five more essential genes than the FBA model, as a product of thermodynamic constraints. Gene expression on the top of thermodynamic constraints resulted in two new essential reactions and no new essential genes in the XTFA model compared to the TFA model. We identified eleven reactions and twelve genes that were essential uniquely in the XFBA model and are hence the result of gene expression constraints that are not thermodynamically allowed (Figure 4 and Tables S5-S6) .
We further identified the metabolic subsystems associated with context-specific essentiality.
Interestingly, thermodynamic constraints were crucial for identifying essential reactions in 
B

Conclusions
The study of context-specific metabolism requires methods that allow the integration of different kinds of datasets into GEMs. The lack of methodologies that enable accounting for thermodynamics, metabolomics, and gene expression data simultaneously motivated us to develop TEX-FBA. As all methods for integrating gene expression data into GEMs, TEX-FBA assumes that mRNA transcript levels are strongly correlated with levels of protein activity and reaction fluxes. However, post-transcriptional regulation and post-translational modification can affect the final protein activity, and several studies in yeast have shown that direct correlation between transcripts and protein levels [46, 47] or metabolic fluxes [48] can be rather weak. TEX-FBA allows for the presence of low correlation between mRNA and flux levels by trying to maximize and not imposing such correlation. TEX-FBA defines a consistency score that allows to define a desired level of agreement between gene expression and fluxes. Moreover, TEX-FBA identifies alternative states of consistency between gene expression and metabolic fluxes, which makes this method unique to others.
The analysis of alternative optima is indeed required to reduce the uncertainty of contextspecific metabolic model predictions, as described before [43] and shown in this study.
The conclusions that might arise from context-specific metabolic modeling for a physiology will depend on the parameter values of the method used. We have suggested a sensitivity analysis procedure to evaluate the impact of the parameters on the flux values and identify best-fit parameters for TEX-FBA.
We integrated fluxomics, metabolomics, and gene expression data of E. coli [38] into a GEM of this organism and generated four models with various stages of data integrated ( Figure   1 ). We demonstrated that the simultaneous integration of all datasets markedly reduces the uncertainty in the estimation of fluxes and reaction directionalities (Table 1) , which is a valuable input for further studies such as kinetic analysis [49] . We also identified a strikingly higher number of essential genes and reactions in the E. coli GEM when all omics data were taken into account. Interestingly, there was a significant number of conditionspecific essential reactions for growth in the central carbon metabolism that only thermodynamic constraints were able to identify. We, therefore, believe the TEX-FBA method is widely applicable and compelling for studying context-, condition-, and lifestage-specific metabolism for any given organism or disease.
Methods
Organism, genome-scale model, and physiological data
We used the genome-scale model of E. coli K-12 iJO1366 [39] to generate context-specific GEMs using different data types. We integrated three data sets into iJO1366: (i) absolute gene expression data from microarrays, (ii) intracellular metabolite concentrations, and (iii) fluxomics data, i.e., estimated uptake and secretion rates. All the data was collected from experiments performed in glucose-limited chemostat cultures at a dilution rate of 0.2 h -1 [38] . See the software section for more details on the availability of the model and data used.
The TEX-FBA formulation and Maximum Consistency Score (MCS)
The lack of a methodology that allows integrating fluxomics, thermodynamic constraints, metabolomics, and transcriptomics simultaneously into a GEM motivated us to develop TEX-FBA. The TEX-FBA formulation is based on the iMAT methodology [32, 33] and extends it with the integration of thermodynamic constraints [25, 26, 50] We classify a reaction as lowly-( " ), moderately-( # ) or highly-( % ) expressed if its calculated expression level is below l, between l and h, or above h, respectively.
3. As done within the TFA framework, we split the reaction fluxes in forward and backward to work with positive flux values. We also associate the forward and backward fluxes to integer variables and assure they are not active simultaneously.
4. We perform a flux variability analysis (FVA) [40] 8. We integrate cut constraints [52] to identify all alternative flux profiles that result in the same MCS and hence are equally consistent with the experimental data. 
Generation of alternative models at maximum consistency score
The presence of alternative solutions with the same MCS motivated us to study all alternative flux profiles at MCS. We generated one model per alternative solution with MCS.
For this purpose, we set the binary variables (yi) of the OP 1 to the values that they obtained in each alternative solution. Thus, we applied flux constraints to the reactions with active binary variables (yi=1), as defined in the TEX-FBA OP 1.
Flux Range Comparison (FRC) metric
The availability of a reference fluxomics dataset [38] motivated us to evaluate the performance of the models by comparing the predicted flux ranges (FRs) with the reference data. We computed a flux range comparison (FRC) metric to quantify the overlap and separation between the FRs of the 34 reactions for which we have C13 measurements [38] with the FRs obtained with FVA [40] :
( r,K ≤ j,K ) ( r,K ≥ j,K ) r,K − j,K a + `r ,K − j,K à j,K − j,K a where LB1,r and LB2,r ( and UB1,r and UB2,r) are the lower (and upper) bound of flux ranges of a reaction r in the reference condition one and a condition two, respectively. In our study case, condition one involved the C13-based FRs and condition two represented the FVAbased FRs. The FRC of a reaction is zero when its FR is entirely inside the C13-based FR.
The FRC is non-zero when a reaction FR has slight overlap or no overlap with the C13 FR. A high FRC value indicates poor agreement with C13-based flux measurement.
Relative flexibility metric
We defined a relative flexibility metric to quantify the difference in flux ranges between two models, as done before [53, 54] . We determined the flux range of a reaction i in condition one ( , j ) and condition two ( , r ) with a flux variability analysis (FVA) [40] : 
Metabolic subsystem enrichment analysis
We performed a subsystem enrichment analysis to translate the information from TEX-FBA solutions at the reaction levels to the metabolic subsystems. We computed the hypergeometric probability density function ( ) to quantify the probability of finding a metabolic subsystem with highly and lowly expressed reactions in a TEX-FBA solution: that belong to the subsystem of interest.
Reaction and gene essentiality for growth
We performed reaction and gene knockouts in silico following the Fast-SL approach [55] with FBA [22] and TFA [25, 26] . We considered a reaction or gene is essential for growth when the growth rate upon its knockout is below 10% of the wild-type growth rate. We applied the same approach to all the models used in this study to identify the essential genes and reactions for growth.
Software usage and settings
We solved FBA [22] with the version of the COBRA Toolbox v2.0 [56] included in the matTFA toolbox [50] . We performed TFA [25, 26] with the matTFA toolbox [50] . We used MATLAB (R2016a and R2017a) and CPLEX (ILOG IBM v12.51 and v12.71) as the linear solver.
Software availability
Documented implementation of TEX-FBA framework in MATLAB is available on www.github.com/EPFL-LCSB/. The software package includes a tutorial that indicates stepby-step how to integrate gene expression information into a genome-scale model using TEX-FBA. The genome-scale model of E. coli iJO1366 [39] and data [38] used in this study are also available. The tutorials indicate how to reproduce the results and figures for this paper. TEX-FBA requires the matTFA toolbox [50] for TFA.
